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Abstract
Public transit can have significantly lower envi-
ronmental impact than personal vehicles; however,
it still uses a substantial amount of energy, caus-
ing air pollution and greenhouse gas emission.
While electric vehicles (EVs) can reduce energy
use, most public transit agencies have to employ
them in combination with conventional, internal-
combustion engine vehicles due to the high upfront
costs of EVs. To make the best use of such a mixed
fleet of vehicles, transit agencies need to optimize
route assignments and charging schedules, which
presents a challenging problem for large public
transit networks. We introduce a novel problem
formulation to minimize fuel and electricity use by
assigning vehicles to transit trips and scheduling
them for charging while serving an existing fixed-
route transit schedule. We present an integer pro-
gram for optimal discrete-time scheduling, and we
propose polynomial-time heuristic algorithms and
a genetic algorithm for finding solutions for larger
networks. We evaluate our algorithms on the tran-
sit service of a mid-size U.S. city using operational
data collected from public transit vehicles. Our re-
sults show that the proposed algorithms are scalable
and achieve near-minimum energy use.
1 Introduction
28% of total energy use in the U.S. is for transportation,
which results in immense environmental impact, including
urban air pollution and greenhouse gas emission [EIA, 2018].
Switching from personal vehicles to public transit systems
can reduce this environmental impact. However, even public
transit requires a significant amount of energy; for example,
bus transit services in the U.S. may be responsible for up to
54 million metric tons of CO2 emission every year.
Electric vehicles (EVs) can have much lower environmen-
tal impact during operation than comparable internal com-
bustion engine vehicles (ICEVs), especially in urban ar-
eas.Unfortunately, EVs are also much more expensive than
ICEVs (typically, diesel transit buses cost less than $500K,
while electric ones cost more than $700K, or close to around
$1M with charging infrastructure). As a result, many public
transit agencies can afford only mixed fleets of transit vehi-
cles, which may consist of EVs, hybrids (HEVs), and ICEVs.
Transit agencies that operate such a mixed fleet of vehicles
face a challenging optimization problem. First, they need to
decide which vehicles are assigned to serving which transit
trips. Since the advantage of EVs over ICEVs varies depend-
ing on the route and time of day (e.g., the advantage of EVs
is higher in slower traffic with frequent stops, and lower on
highways), the assignment can have a significant effect on
energy use and, hence, environmental impact. Second, they
need to schedule when to charge electric vehicles because
EVs have limited battery capacity and driving range, and may
need to be recharged during the day between serving transit
trips. Because transit agencies often have limited charging
capabilities (e.g., limited number of charging poles, or lim-
ited maximum power to avoid high peak loads on the electric
grid), charging constraints can significantly increase the com-
plexity of the assignment and scheduling problem.
Contributions: While an increasing number of transit
agencies face these problems, there exist no practical solu-
tions to the best of our knowledge. In this paper, we introduce
a novel problem formulation and algorithms for assigning a
mixed fleet of transit vehicles to trips and for scheduling the
charging of electric vehicles. We develop this problem for-
mulation in collaboration with the public transit agency of a
mid-size U.S. city, which operates a fleet of EVs, HEVs, and
ICEVs. To solve the problem, we introduce an integer pro-
gram as well as domain specific heuristic and genetic algo-
rithms. We evaluate these algorithms using real data collected
from our partner agency (e.g., vehicle energy consumption
data, transit routes and schedules) and from other sources
(e.g., elevation and street maps).
Our problem formulation applies to transit agencies that
have to serve fixed-route transit networks. The objective
is to minimize energy consumption (i.e., fuel and electric-
ity use), which can be used to capture minimizing operating
costs and/or environmental impact with the appropriate cost
factors. Our formulation considers assigning and scheduling
for a single day (it may be applied to any number of consec-
utive days one-by-one), and permits any physically possible
re-assignment during the day. Our formulation also allows
capturing constraints on charging; for example, our partner
agency aims to charge only one vehicle at a time to avoid
demand charges from the electric utility.
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Organization: In Section 2, we describe our model and
problem formulation. In Section 3, we introduce a mixed-
integer program as well as heuristic and genetic algorithms.
In Section 4, we provide numerical results based on real-
world data from our partner agency. In Section 5, we present
a brief overview of related work. Finally, in Section 6, we
summarize our findings and provide concluding remarks.
2 Transit Model and Problem Formulation
Vehicles We consider a transit agency that operates a set
of buses V . Note that we will use the terms bus and vehi-
cle interchangeably. Each bus v ∈ V belongs to a vehicle
model Mv ∈ M, where M is the set of all vehicle models
in operation. We divide the set of vehicle models M into
two disjoint subsets: liquid-fuel models Mgas (e.g., diesel,
hybrid), and electric models Melec. Based on discussions
with our partner agency, we assume that vehicles belonging
to a liquid-fuel model can operate all day without refueling.
On the other hand, vehicles belonging to an electric model
have limited battery capacity, which might not be enough for
a whole day. For each electric vehicle model m ∈ Melec, we
let Cm denote the battery capacity of vehicles of model m.
Locations Locations L include bus stops, garages, and
charging stations in the transit network.
Trips During the day, the agency has to serve a given set
of transit trips T using its buses. Based on discussions with
our partner agency, we assume that all the locations and time
schedules are fixed for all the trips. A bus serving trip t ∈ T
leaves from trip origin torigin ∈ L at time tstart and arrives to
destination tdestination ∈ L at time tend. Between torigin and
tdestination, the bus must pass through a series of stops at fixed
times; however, since we cannot re-assign a bus during a tran-
sit trip, the locations and times of these stops are inconse-
quential to our model. Finally, we assume that any bus may
serve any trip. Note that it would be straightforward to extend
our model and algorithms to consider constraints on which
buses may serve a trip (e.g., based on passenger capacity).
Charging To charge its electric buses, the agency operates
a set of charging poles CP , which are typically located at bus
garages or charging stations in practice. We let cplocation ∈ L
denote the location of charging pole cp.
For the sake of computational tractability, we use a
discrete-time model to schedule charging, which divides time
into uniform-length time slots S. A time slot s ∈ S begins
at sstart and ends at send. In Section 4, we will present numer-
ical results on the practical impact of varying the length of
time slots. A charging pole cp ∈ CP can charge P (cp,Mv)
energy to one electric bus v in one time slot. We call the pair
of a charging pole cp ∈ CP and a time slot s ∈ S a charging
slot, and we let C = CP × S denote the set of charging slots.
Non-Service Trips Besides serving transit trips, buses may
also need to drive between trips and charging poles. For ex-
ample, if a bus has to serve a trip that starts from a location
that is different from the destination of the previous trip, the
bus first needs to drive to the origin of the next trip. An elec-
tric bus may also need to drive to a charging pole after serving
a transit trip to recharge, and then drive from the pole to the
origin of the next transit trip. We will refer to these dead-
head trips, which are driven outside of revenue service, as
non-service trips. We let T (l1, l2) denote the non-service trip
from location l1 ∈ L to l2 ∈ L, and we let D(l1, l2) denote
the time duration of this non-service trip.
2.1 Solution Space
Our primary goal is to assign a bus to each transit trip. Addi-
tionally, electric buses may also need to be assigned to charg-
ing slots to prevent them from running out of power.
Solution Representation We represent a solution as a set
of assignments A. For each trip t ∈ T , a solution assigns ex-
actly one bus v ∈ V to serve t; this assignment is represented
by the relation At → v. Secondly, each electric bus v must
be charged when its battery state of charge drops below the
safe level for operation. A solution assigns at most one elec-
tric bus v to each charging slot (cp, s) ∈ C; this assignment
is represented by the relation A(cp,s) → v. We assume that
when a bus is assigned for charging, it remains at the charging
pole for the entire duration of the corresponding time slot.
Constraints If a bus is assigned to serve an earlier transit
trip t1 and a later trip t2, then the duration of the non-service
trip from tdestination1 to t
origin
2 must be less than or equal to the
time between tend1 and t
start
2 . Otherwise, it would not be able
to serve t2 on time. We formulate this constraint as follows:
∀t1, t2 ∈ T , tstart1 ≤ tstart2 ,At1 → v,At2 → v :
D(tdestination1 , t
origin
2 ) ≤ tstart2 (1)
Note that if the constraint is satisfied by every pair of consec-
utive trips assigned to a bus, then it is also satisfied by every
pair of non-consecutive assigned trips.
We need to formulate similar constraints for non-service
trips to, from, and between charging slots:
∀t ∈ T , (cp, s) ∈ C, tstart ≤ sstart,At → v,A(cp,s)→ v :
D(tdestination, cplocation) ≤ sstart (2)
∀(cp, s) ∈ C,∀t ∈ T , sstart ≤ tstart,At → v,A(cp,s)→ v :
D(cplocation, torigin) ≤ tstart (3)
∀(cp1, s1), (cp2, s2) ∈ C,sstart1 ≤ sstart2 ,A(cp1,s1)→ v,A(cp2,s2)→ v :
D(cplocation1 , cp
location
2 ) ≤ sstart2 (4)
We also need to ensure that electric buses never run out
of power. First, we let N (A, v, s) denote the set of all non-
service trips that bus v needs to complete by the end of time
slot s according to the set of assignments A. In other words,
N (A, v, s) is the set of all non-service trips to the origins of
transit trips that start by send and to the locations of charging
slots that start by send. Next, we letE(v, t) denote the amount
of energy used by bus v to drive a transit or non-service trip t.
Then, we let e(A, v, s) be the amount of energy used by bus v
for all trips completed by the end of time slot s:
e(A, v, s) =
∑
t∈N (A,v,s)
E(v, t) +
∑
t∈T , At→v, tend≤send
E(v, t) (5)
Similarly, we let r(A, v, s) be the amount of energy charged
to bus v by the end of time slot s:
r(A, v, s) =
∑
(cp,s)∈C, A(cp,sˆ)→v, sˆend≤send
P (cp,Mv) (6)
Since a bus can be charged only for complete time slots,
both the minimum and maximum of the battery level will be
reached at the end of a time slot. Therefore, we can express
the constraint that the battery level of bus v must always re-
main between 0 and the battery capacity CMv as
∀s ∈ S,∀v ∈ V : 0 < r(A, v, s)− e(A, v, s) ≤ CMv . (7)
Note that we can give vehicles an initial battery charge by
adding dummy charging slots before the day starts.
2.2 Objective
Our objective is to minimize the energy use of the vehicles.
This objective can minimize both environmental impact and
operating costs by imposing the appropriate cost factors on
the energy use of liquid-fuel and electric vehicles. We let
Kgas and Kelec denote the unit costs of energy use for liquid-
fuel and electric vehicles, respectively. Then, by applying the
earlier notation e(A, v, s) to all vehicles, we can express our
objective as
min
A
∑
v∈V:Mv∈Mgas
Kgas· e(A, v, s∞)+
∑
v∈V:Mv∈Melec
Kelec· e(A, v, s∞)
(8)
where s∞ denotes the last time slot of the day.
3 Algorithms
First, we present an integer program to find optimal solutions
(Section 3.1), whose linear relaxation we will also use as a
lower bound in our numerical evaluation. Since the integer
program does not scale well, we will also introduce efficient
heuristic (Section 3.2) and genetic algorithms (Section 3.3).
3.1 Integer Program
Variables Our integer program has five sets of variables.
Three of them are binary to indicate assignments and non-
service trips. First, av,t = 1 (or 0) indicates that trip t is
assigned to bus v (or that it is not). Second, av,(cp,s) = 1
(or 0) indicates that charging slot (cp, s) is assigned to elec-
tric bus v (or not). Third, mv,x1,x2 = 1 (or 0) indicates that
bus v takes the non-service trip between a pair x1 and x2 of
transit trips and/or charging slots (or not). Note that for re-
quiring non-service trips (see Equations (1) to (4)), we will
treat transit trips and charging slots similarly since they in-
duce analogous constraints. There are also two sets of con-
tinuous variables. First, cvs ∈ [0, CMv ] represents the amount
of energy charged to electric bus v in time slot s. Second,
evs ∈ [0, CMv ] represents the battery level of electric bus v
at the start of time slot s (considering energy use only due
to trips that have ended by that time). Due to the continuous
variables, our program is actually a mixed-integer program.
Constraints First, we ensure that every transit trip is served
by exactly one bus:
∀t ∈ T :
∑
v∈V
av,t = 1
Second, we ensure that each charging slot is assigned at most
one electric vehicle:
∀(cp, s) ∈ C :
∑
∀v∈V: Mv∈Melec
av,(cp,s) ≤ 1
Next, we ensure that Equations (1) to (4) are satisfied. We
let F (x1, x2) be true if a pair x1, x2 of transit trips and/or
charging slots satisfies the applicable one from Equations (1)
to (4); and let it be false otherwise. Then, we can express
these constraints as follows:
∀v ∈ V,∀x1, x2,¬F (x1, x2) : av,x1 + av,x2 ≤ 1
When a bus v is assigned to both x1 and x2, but it is not
assigned to any other transit trips or charging slots in between
(i.e., if x1 and x2 are consecutive assignments), then bus v
needs to take a non-service trip:
mv,x1,x2 ≥ av,x1 + av,x2 − 1−
∑
x∈T ∪C: xstart1 ≤xstart≤xstart2
av,x
Note that if x1 and x2 have the same location, then the non-
service trip will take zero time and energy.
Finally, we ensure that the battery levels of electric buses
remain between zero and capacity. First, for each slot s and
electric bus v, the amount of energy charged cvs is subject to
cvs ≤
∑
(cp,s)∈C
av,(cp,s) · P (cp,Mv).
Then, for the (n+1)th time slot and for an electric bus v, we
can express variable evsn+1 as
evsn+1= e
v
sn+c
v
sn−
∑
t∈T :
sstartn <t
end≤sendn
av,t·E(v, t)−
∑
x1,x2:
sstartn <x
start
2 ≤sendn
mv,x1,x2 ·E(v, T (x1, x2))
where sn is the (n)th time slot. Note that since evs ∈ [0, CMv ],
this constraint ensures that Equation (7) is satisfied.
Objective We can express Equation (8) as minimizing
∑
v∈V
KMv
∑
t∈T
av,t ·E(v, t) +
∑
x1,x2∈T ∪C
mv,x1,x2 ·E(v, T (x1, x2))

where KMv is Kelec if Mv ∈Melec and Kgas otherwise.
Complexity The integer program contains both variables
and constraints in the order of O(|V| · |T |2).
3.2 Heuristic Algorithms
Next, we introduce two polynomial-time heuristic algo-
rithms. Due to lack of space, we will publish the pseu-
docode of the second in an online appendix; here, we describe
its principle.
Algorithm 1: FEASIBLE(A, C, v, t)
feasible← True
energy feasible← energy feasible(A, v, t)
if ¬energy feasible then
assign success← assign charging(A, C, v)
if assign success then
energy feasible← energy feasible(A, v, t)
if ¬energy feasible then
remove charging(A, v)
if energy feasible then
feasible← assign feasible(A, v, t)
Result: feasible
Feasibility Both heuristic algorithms use Algorithm 1 to
ensure that buses are assigned to trips without violating Equa-
tions (1) to (4) and (7). Given an electric bus v and trip t, the
algorithm first checks whether bus v would have enough en-
ergy if we extended the current assignments A by assigning
bus v to trip t (energy feasible(A, v, t)). If this would vio-
late Equation (7), then the algorithm tries to assign bus v to
the first available charging slot (assign charging(A, C, v)),
and then checks again if bus v would have enough energy
to serve trip t (energy feasible(A, v, t)). If it would not,
then the charging assignment is removed, and assigning bus
v to trip t is deemed infeasible. Otherwise, the algorithm
checks if assigning bus v to trip t would violate any of Equa-
tions (1) to (4) (assign feasible(A, v, t)). For liquid-fuel ve-
hicles, only the last step is performed.
Algorithm 2: HEURISTIC BY LOCATION(V, T , C)
stop pairs← {}
for t ∈ T do
stop pair← {torigin, tdestination}
T ′ ← stop pairs.get(stop pair)
T ′ ← T ′ ∪ {t}
stop pairs← stop pairs ∪ {stop pair, T ′}
stop pairs’← shuffle(stop pairs)
for stop pair ∈ stop pairs’ do
T ′ ← stop pairs.get(stop pair)
for t ∈ sortedByTime(T ′) do
V ′ ← shuffle(V)
for v ∈ V ′ do
feasible← FEASIBLE(A, C, v, t)
if feasible then
A ← A∪ {v, t}
Result: A
Heuristic by Location (Heuristic L): The motivation of
this approach is to minimize energy costs by reducing non-
service trips. Algorithm 2 first groups together all trips that
share an origin or destination location. Then, it iterates over
the groups in a random order. For each group, it sorts the
trips according to their start times, and then assigns vehicles
to the trips one-by-one, always choosing a feasible vehicle
at random. The time complexity of the algorithm is O(|T | ·
log |T |).
Heuristic by Bus (Heuristic B): The motivation of this ap-
proach is to optimize the utilization of every bus. First, the al-
gorithm sorts all transit trips based on their start time. Then, it
iterates over the buses in a random order. For each bus, it tries
to assign every trip to the bus, going over the trips one-by-
one. The time complexity of this approach isO(|T |· log |T |).
3.3 Genetic Algorithm
Building on the two heuristic algorithms, we introduce a ge-
netic algorithm, which uses the heuristic algorithms for its
initial population P0, but improves upon them using itera-
tive random search. The time complexity of each iteration is
O(|T | · |P0| · log |T |).
Initialization The genetic algorithm starts with a fixed-size
initial population P0 of solutions. We generate each member
of the initial population using the two heuristic approaches.
Selection The algorithm computes the energy cost of each
solution in the current population Pi, and then chooses the N
lowest-cost solutions as the basis for the next generation of
the population. To create the next generation, the algorithm
performs mutation and crossover.
Algorithm 3: MUTATION(Pi, C)
A ← random(Pi)
mCount← max(1, |A| ·mutation prob)
for 1→ mCount do
v1, v2 ← random(V)
t1 ← random(A, v1)
t2 ← random(A, v2)
A ← A− {v1, t1} − {v2, t2}
feasible1 ← FEASIBLE(A, C, v1, t2)
feasible2 ← FEASIBLE(A, C, v2, t1)
feasible← feasible1 ∧ feasible2
if feasible then
A ← A∪ {v1, t2} ∪ {v2, t1}
Result: A
Mutation (Algorithm 3) Mutation first selects one solu-
tionA at random from the basis of the next generation. Then,
it selects two buses v1 and v2 at random, and selects a transit
trip t1 at random from the trips assigned to v1 by A, and trip
t2 at random from the trips assigned to v2. If the assignments
of trips t1 and t2 can be switched between buses v1 and v2
without violating any constraints, then it switches them. The
algorithm repeats from selecting two buses at random, until a
desired number of mutation attempts is reached.
Crossover (Algorithm 4) Crossover first selects two solu-
tions A1 and A2 at random from the basis of the next gener-
ation, and chooses a crossover point at random from (0, 1),
which is used to divide the day into two parts at random.
Then, it splits each solution Ai into two subsets of assign-
ments based on the crossover point: assignments that belong
to the first part of the day form the first subset, while assign-
ment that belong to the second part form the second subset.
Next, it merges the four parts by swapping the parts of the two
solutions. Finally, it selects the two lowest-cost solutions out
Algorithm 4: CROSSOVER(Pi, C)
Pc ← ∅
A1 ← random(Pi)
A2 ← random(Pi −A1)
crossover point← random(0, 1)
A1a,A1b ← split(A1, crossover point)
A2a,A2b ← split(A2, crossover point)
A1′ ← merge(A1a,A2b, C)
A2′ ← merge(A2a,A1b, C)
Pc ← select({A1,A2,A1′ ,A2′}, 2)
Result: Pc
of the initial solutions and the merged solution, automatically
discarding infeasible ones.
Iteration and Termination In each iteration, the genetic
algorithm generates a new generation based on selection, mu-
tation, and crossover. The algorithm terminates when there is
no decrease in the minimum energy cost over a number of
new generations, which indicates that algorithms converged.
4 Numerical Results
We evaluate our algorithms using real data from our partner
transit agency.
4.1 Dataset
Public Transit Schedule We obtain the schedule of the
transit agency in GTFS format, which includes all trips, time
schedules, bus stop locations, etc. Trips are organized into
19 bus lines (i.e., bus routes) throughout the city. For our nu-
merical evaluation, we consider trips served during weekdays
(Monday to Friday) since these are the busiest days. Each
weekday, the agency must serve 1,320 trips using 3 electric
buses of model BYD K9S, and 50 diesel and hybrid buses.
Energy Use Prediction To estimate the energy use of each
transit and non-service trip, we use a neural network based
prediction model that we train on high-resolution historical
data. Our partner agency has installed sensors on its mixed-
fleet of vehicles, and it has been collecting data continuously
for over a year at 1-second intervals from 3 electric, 41 diesel,
and 6 hybrid buses. This dataset includes location traces from
GPS, real-time fuel and electricity use, battery charge, etc.
To train our predictor, we select two months of data from 3
electric and 3 diesel vehicles. In total, we obtain around 6.6
million datapoints for electric buses and 1.1 datapoints for
diesel buses (fuel data was recorded less frequently).
We augment this dataset with additional features related
weather, road, and traffic conditions to improve our energy-
use predictor. We incorporate hourly predictions of weather
features, which are based on data collected using Dark Sky
API [Sky, 2019] at 5-minute intervals. Weather features in-
clude temperature, humidity, pressure, wind speed, and pre-
cipitation. We include road-condition features based on a
street-level map from OpenStreetMap. We also include road
gradients, which we compute along transit routes using an
elevation map that is based on high-accuracy LiDAR data
from the state government. Finally, we incorporate predic-
tions of traffic conditions, which are based on data obtained
using HERE Maps API [HERE, 2020].
In total, we use 26 different features to train a neural net-
work model for energy prediction. We chose this model based
on its accuracy after comparing it with various other regres-
sion models. Our neural network has one input, two hidden,
and one output layer, all using sigmoid activation. We train a
different prediction model for each vehicle model, which we
then use to predict energy use for every trip.
Non-Service Trips Since non-service trips are not part of
the transit schedule, we need to plan their routes and estimate
their durations. For this, we use the Google Directions API,
which we query for all 2,070 possible non-service trips (i.e.,
for every pair of locations in the network) for each 1-hour in-
terval of a selected weekday from 5am to 11pm. The response
to each query includes an estimated duration as well as a de-
tailed route, which we combine with our other data sources
and then feed into our energy-use predictors.
Charging Rate and Energy Costs Electric buses of model
BYD K9S have a battery capacity of 270 kWh, and the charg-
ing poles of the agency can charge a BYD K9S model bus at
the rate of 65 kW/h. We consider 3 charging poles for our
numerical evaluation. Finally, based on data from the transit
agency, we consider electricity cost to be $9.602 per 100 kWh
and diesel cost to be $2.05 per gallon.
4.2 Results
1 2 3 4 5
10−2
101
104
Number of Bus Lines
Ti
m
e
[s
ec
on
ds
] Heuristic L LP IP
Figure 1: Computation times of various algorithms. Please note the
logarithmic scale on the vertical axis.
We first study how well our algorithms scale with increas-
ing problem sizes. To this end, we measure the computation
times of our algorithms with 1 to 5 bus lines (selected from
the real bus lines), and 10 selected trips for each line. For
each case, we assume that the agency has 5 times as many
vehicles as bus lines, and that the agency has 3 EVs regard-
less of the number of lines. We choose the length of time slots
to be one hour. We solve the integer program (IP) and its lin-
ear relaxation using IBM CPLEX. We run all algorithms on
a machine with a Xeon E5-2680 CPU, which has 28 cores,
and 128 GB of RAM. Figure 1 shows the computation time
for the IP, its linear relaxation (LP), and the Heuristic L algo-
rithm. As expected, the time to solve the IP is significantly
higher and increases rapidly with the number of lines. On the
the hand, the heuristic algorithm is orders of magnitude faster
and scales well. Note that we observe similar results for the
other heuristic and genetic algorithms; we omit these results
for ease of presentation.
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Figure 2: Energy costs for allocations using various algorithms.
Please note the logarithmic scale on the vertical axis.
Next, we evaluate the performance of our algorithms with
respect to solution quality, that is, energy cost. We use the
exact same setting as in the previous experiment (Figure 1),
except that now we increase the number of bus lines up to 10.
For such larger instances, solving the IP is infeasible. Fig-
ure 2 shows that our efficient algorithms perform well: the
genetic algorithm performs almost as well as the (difference
remains below 10%), and the heuristic algorithms perform
only slightly worse. For larger instances, the ratio between
the performance of our heuristic algorithms and the LP re-
mains stable, which suggests that our heuristic algorithms
still perform close to optimal.
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Figure 3: Energy cost using allocations found by the integer program
for various time-slot lengths.
We introduced uniform-length time slots for the sake of
computational tractability. Now, we study whether discretiz-
ing time has a significant impact on solution quality by com-
paring various time-slot lengths. Since the IP can find optimal
solutions for small instances, we analyze the performance of
the IP with various slot lengths for 1 or 2 lines with 10 trips
for each line. Figure 3 shows that loss in solution quality is
very small even with longer slots, such as 1 hour.
Finally, we compute assignments for the complete sched-
ule of 1, 320 trips with 3 electric and 50 liquid-fuel buses us-
ing heuristic and genetic algorithms. We were able to assign
the full schedule using Heuristic B algorithm in around 3 min-
utes, resulting in total energy cost of $4618. Meanwhile, the
genetic algorithm runs for around 3 days (around 3, 500 iter-
ations) and results in energy cost of $4,616. Since an agency
might need to find a new assignment every day (e.g., because
some buses are unavailable due to maintenance), the heuristic
algorithm can be a better option.
5 Related Work
GPS data, bus stop data, bus transaction data, traffic data
and electricity consumption data have been collected to gen-
erate simulated models for energy prediction and optimiza-
tion in transit networks [Wang et al., 2018; Tian et al., 2016;
Wang et al., 2017]. Several approaches have been applied in
the domain of energy optimization for transit networks, such
as the Markov decision processes [Wang et al., 2018], neural
networks [Nageshrao et al., 2017], K-greedy algorithms [Paul
and Yamada, 2014], genetic algorithms [Durango-Cohen and
McKenzie, 2018], and evolutionary algorithms [Santos et
al., 2016]. Some works propose solutions that reduce en-
ergy costs by changing bus schedules or routes [Hassold and
Ceder, 2014; Wang et al., 2018], which can cause inconve-
nience to passengers.
However, very few research efforts have considered mixed
fleets of vehicles [Santos et al., 2016; Li et al., 2019]. Al-
lowing a bus to serve multiple lines instead of limiting it
to a single line can reduce energy cost [Li et al., 2019;
Kliewer et al., 2006; Kliewer et al., 2008]; we also incor-
porate a similar approach. Trips may be grouped as origin-
destination pairs and assigned to vehicles, which also reduces
the energy costs [Li et al., 2019]; we again explore a similar
approach. Our work considers a general formulation of the
problem, and we evaluate it based on real data.
To reduce electricity cost in charging stations or garages,
[Jahic et al., 2019] applied preemptive, quasi preemptive,
and non-preemptive approaches to optimally utilize the max-
imum load. Since charging time occupies a reasonable por-
tion of the routine, [Chao and Xiaohong, 2013] proposes a
battery replacement technique, which reduces the complexity
of scheduling with respect to charging, but it is not feasible
when the number of electric buses is small, since purchasing
more battery would not be cost effective. [Murphey et al.,
2012] presents the development of a machine learning frame-
work for energy management optimization in an HEV, devel-
oping algorithms based on long and short term knowledge
about the driving environment. For the long-term knowl-
edge, the framework uses a neural network (NN) to model
the road environment of a driving trip as a sequence of dif-
ferent roadway types and different traffic congestion levels.
For short-term knowledge, it uses an additional NN to model
the driver’s instantaneous reaction to the driving environment.
Then, using the predicted values, an additional set of NNs
learn to emulate the optimal energy management strategy.
6 Conclusion
Due to the high upfront costs of EVs, many public transit
agencies are forced to operate mixed fleets of EVs, HEVs,
and ICEVs. In this paper, we formulated the novel problem
of minimizing operating costs and environmental impact for
mixed fleets of public transit vehicles, and provided heuris-
tic and genetic algorithms the problem. Based on real-world
data, we demonstrated that these algorithms scale well for
larger instances and can provide near optimal solutions.
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